CRM is a strategy that integrates the concepts of Knowledge Management, Data Mining, and Data Warehousing in order to support the organization's decision-making process to retain longterm and profitable relationships with its customers. In this paper, we first present the design implications that CRM poses to data warehousing, and then propose a robust multidimensional starter model that supports CRM analyses. We then present sample CRM queries, test our starter model using those queries and define two measures (% success ratio and CRM suitability ratio) by which CRM models can be evaluated.
INTRODUCTION
Acquiring new customers can cost five times more than it costs to retain current customers [9] . Furthermore, repeat customers can generate more than twice as much gross income as new customers [16] . Companies have realized that instead of treating all customers equally, it is more effective to invest in customers that are valuable or potentially valuable, while limiting their investments in non-valuable customers. As a result of these types of findings as well as the fact that customers want to be served according to their individual and unique needs, companies need to develop and manage their relationships with their customers such that the relationships are long-term and profitable. Therefore, companies are turning to Customer Relationship Management (CRM) techniques and CRM-supported technologies.
CRM can be defined as a strategy that utilizes organizational knowledge and technology to enable proactive and profitable long-term relationships with customers [3] . It is a means of using knowledge management, or organizational knowledge, and technologies to enable organizations to make decisions about, among other things, product offerings, marketing strategies and how they interact with their customers. By utilizing a data warehouse, companies can make decisions about customerspecific strategies such as customer profiling, customer segmentation, cross-selling analysis, etc. For example, a company can use a data warehouse to determine its customers' historic and future values and to segment its customer base. Table 1 shows four quadrants of customer segmentation: (1) customers that should be eliminated (i.e. they cost more than what they generate in revenues); (2) customers with whom the relationship should be re-engineered (i.e. those that have the potential to be valuable, but may require the company's encouragement, cooperation and/or management); (3) customers that the company should engage; and (4) customers in which the company should invest [2, 15] . The company could then use the corresponding strategies, as depicted in Table 2 , to manage the customer relationships Table 1 and  Table 2 are only examples of the types of segmentation that can be performed with a data warehouse. However, if used, a word of caution should be taken before categorizing a customer into Segment I because that segment can be further segmented into (a) those customers that serve as benchmarks for more valuable customers, (b) those customers that provide the company with ideas for product improvements or efficiency improvements and (c) those that do not have any value to the company. Permission to make digital or hard copies of all or part of this work for personal or classroom use is granted without fee provided that copies are not made or distributed for profit or commercial advantage and that copies bear this notice and the full citation on the first page. To copy otherwise, or republish, to post on servers or to redistribute to lists, requires prior specific permission and/or a fee. Engage customer to find new opportunities in order to sustain loyalty Currently, however, there are no agreed upon standardized rules for how to design the data warehouse to support CRM. Yet, the design of the CRM data warehouse model directly impacts an organization's ability to readily perform analyses that are specific to CRM. Subsequently, the design of the CRM data warehouse model contributes to the success or failure of CRM. In fact, recent statistics indicate that between 50% and 80% of CRM initiatives fail due to inappropriate or incomplete CRM processes and poor selection of technologies [10, 11] . Thus, the ultimate long-term purpose of our study is to systematically examine CRM factors that affect design decisions for CRM data warehouses in order to build a taxonomy of CRM analyses and to determine the impact of those analyses on CRM data warehousing design decisions.
The taxonomy and heuristics for CRM data warehousing design decisions could then be used to guide CRM initiatives and to design and implement CRM data warehouses.
The taxonomy could also be used to customize the starter model for a company's specific CRM requirements within a given industry. Furthermore, that taxonomy would also serve as a guideline for companies in the selection and evaluation of CRM data warehouses and related technologies.
In order to objectively quantify the success of the proposed CRM model (and alternative models), we propose two new metrics: CRM success ratio (r success ) and CRM suitability ratio (r suitability ). The CRM success ratio (r success ) is defined as the ratio of queries that successfully executed to the total number of queries issued against the model. A query is successfully executed if the results that are returned are meaningful to the analyst. The CRM success ratio can not only be used to evaluate our proposed CRM model, but it can also be used to evaluate other CRM data warehouse models as well. The range of values for r success is between 0 and 1. The larger the value of r success , the more successful the model.
Q p : the total number of queries that successfully executed against the model Q n : the total number of queries issued against the model
The CRM suitability ratio (r suitability ) is defined as the ratio of the sum of the individual suitability scores to the sum of the number of applicable categories.
N: the total number of applicable analysis criteria C: individual score for each analysis capability X: weight assigned to each analysis capability
The range of values for the r suitability ratio is between 0 and 1, with values closer to 1 being more suitable. Unlike the r success ratio, which can be used to evaluate and compare the richness and completeness of CRM data warehouse models, the r suitability ratio, however, can be used to help companies determine the suitability of the model to their individually different CRM needs. We utilize the two metrics to evaluate the proposed CRM data warehouse model in our case study implementation.
The remainder of this paper is organized as follows: a brief review of CRM literature is presented in Section 2; the schema design is presented in Section 3; the experiment is described in Section 4; the results presented in Section 5 followed by the discussion in Section 6 and the conclusions in Section 7.
CRM LITERATURE REVIEW
For the analysis of CRM, we need to classify customers into one of the four quadrants in Table 1 and subsequently apply the appropriate strategy. In literature, researchers used the total historical value, total potential future value, and customer lifetime value (CLV). There are many ways of defining and calculating those measures [4, 5, 6, 12] . For the purposes of this paper, CLV will be the sum of the total historical value and the total potential value for each customer. The total historical value will be computed as follows:
j: individual products that the customer has purchased In Equation (3), the historical value is computed by summing the difference between the revenue and total cost over every product (j) that the customer has purchased in the past. The cost would include such things as product cost, distribution cost, overhead cost, etc. The potential future value for a customer will be defined using the same equation as defined by [5] :
Potential Future Value = Σ N j=1 (Probability j X Profitability j ) (4) j: individual products that the customer could potentially purchase
In Equation (4), the profitability represents the expected revenues minus the sum of the expected costs that would be incurred in order to gain the additional revenues. The probability represents the likelihood that the customer would purchase the product. Thus, the total potential future value would be the sum of individual potential future value of each product that the customer could potentially purchase. The sum of all of the individual customer lifetime values is known as customer equity [13] .
One of the goals of companies should be to increase its customer equity from one year to the next. By incorporating the ability to compute the CLV into the CRM data warehouse, companies can utilize the CRM data warehouse to determine its customer growth. Additionally, companies can use key performance indicators (KPIs) to identify areas that could be improved. Specific KPIs should relate to the goals of the organization. For example, if a company wants to minimize the number of late deliveries, then an "on-time delivery" KPI should be selected. Some known KPIs that are relevant to CRM would include, but are not limited to: margins, on-time deliveries, late-deliveries and customer retention rates. Other KPIs that are relevant to CRM would include, but are not limited to: marketing cost, number and value of new customers gained, complaint numbers and customer satisfaction rates [7] .
SCHEMA DESIGN FOR CRM
The first step to designing the schema for the CRM data warehouse is to identify the different types of categories of analyses that are relevant to CRM. Specific data points of interest are then identified from both experience and literature [1, 7, 13] . Table 3 identifies the types of analyses that are relevant to CRM as well as some of the data maintenance issues that must be considered. In other words, Table 3 identifies the minimum design requirements for a CRM data warehouse. It should be noted that there is no significance to the order in which the items are listed in Table 3 . Customer Retention Ability to track customer retention 3.7
Customer Attrition Ability to identify root causes for customer attrition 3.8
Customer Scoring Ability to score customers 3.9
Household Analysis Ability to associate customers with multiple extended household accounts.
3.10
Customer Segmentation
Ability to segment customers into multiple customer segmentations 3.11
Customer Loyalty Ability to understand loyalty patterns among different relationship groups 3. 12 Demographic Analysis
Ability to perform demographic analysis 3.13 Trend Analysis Ability to perform trend analysis 3.14 Product Delivery Performance Ability to evaluate on-time, late and early product deliveries 3. 15 Product Returns Ability to analyze the reasons for and the impact of products being returned 3. 16 
Customer Service Analysis
Ability to track and analyze customer satisfaction, the average cost of interacting with the customer, the time it takes to resolve customer complaints, etc.
Up-selling Analysis
Ability to analyze opportunities for customers to buy larger volumes of a product or a product with a higher profitability margin 3.18
Cross-selling Analysis
Ability to identify additional types of products that customers could purchase, which they currently are not purchasing.
3.19
Web Analysis Ability to analyze metrics for web site 3.20
Data Maintenance Ability to maintain the history of customer segments and scores.
3.21
Data Maintenance Ability to integrate data from multiple sources, including external sources 3.22
Data Maintenance Ability to efficiently update/maintain data.
Design Rationale for the Fact Tables
The model consists of a profitability fact Table 4 . We note that not all of the fact tables and dimensions were included in Figure 1 . The profitability fact table includes the attributes (e.g. revenues and all costs: distribution, marketing, overhead, product, etc.) that are required to compute the historical profitability of each transaction in the profitability fact table with the minimum number of joins. That, in turn, would improve the performance when querying the data warehouse. Additionally, storing the detailed transactions facilitates the ability to compute the CLV for each customer across each product. Moreover, the model depicted in Figure 1 can be used to calculate KPIs for delivery, such as the number of on-time items and the number of damage-free items. The complement measures can be calculated by subtracting the explicitly stored KPI measures from the total quantity. These KPIs are important to track and manage because they can help organizations identify internal areas for process improvements and ultimately influence customer satisfaction and possibly customer retention. Table 1 can be computed by summing the historical value for each customer and the future value for each customer.
Design Rationale for the Dimensions
Initially, the dimensions were identified according to the dimensions along which the fact tables should be analyzed (e.g. Customer, Product, Supplier, Channel, Promotion, Market, Sales Representative and Time). Each dimension was carefully examined to determine if the dimension: a. contained attributes that were likely to change at a different rate than the other attributes within the dimension b. contained attributes whose complete set of historical values had to be maintained, or c. was subject to discontinuous existence (i.e. only valid for specific periods).
If any of the above properties was applicable, then a separate dimension was created (called an existence dimension in the case of (b) and (c)). Furthermore, in the case of (a), the new dimensions were implemented as minidimensions as opposed to outriggers in order to allow the user to readily browse the fact table. An additional benefit of this approach was that the history of the changes in the customer's behavior scores and demographics will be stored as part of the fact In the case of (b) and (c), the dimensions were implemented as outriggers, and two relationships were created between the Time dimension and each outrigger dimension. The two relationships were formed in order to record the date period in which the data instances were valid. In doing so, this facilitated the ability to perform state duration queries and transition detection queries [14] . State duration queries contain a time period (start date and end date) in the WHERE clause of the query; whereas, transition detection queries identify a change by identifying consecutive periods for the same dimension [14] .
Careful consideration was given to this step in the design process because the fact 
EXPERIMENT 4.1 Implementation
We performed a case study to test the validity of our proposed starter model. The proposed CRM data warehouse model was implemented in SQL Server 2000 running on a Windows 2000 server. The hardware computer was a DELL 1650 database server with a single processor and 2.0 MHz. The schema was populated with 1,685,809 rows of data in the profitability fact table.
Methodology
In the experiment, a series of CRM queries were executed against the proposed data warehouse schema. The success rate of the proposed schema was computed as a ratio of the number of successful queries executed divided by the total number of queries used in the investigation. Furthermore, the proposed CRM data warehouse model was tested to determine if it could or could not perform the tasks listed in Table 3 . For each task in Table 3 that the model could perform, it was given a score of one point; otherwise, the model was given a score of zero points. The sum of the points for the model was computed in order to determine an overall CRM-analysis capability score. The selection of the queries that were used to study the model is discussed in the following section.
Selection of Queries to Test
It is believed that the proposed data warehouse schema would have a positive impact on the ability to perform CRM analyses. Therefore, in order to avoid any biases in the types of queries used to test the model, stratified random sampling was used to select the specific queries used in the experiment. The stratified random sampling was conducted as follows: (1) representative queries used in CRM were gathered from independent associations; (2) the queries were grouped into categories based upon the nature of the query; (3) within each category, each query was numbered; (4) a random number generator was used to select queries from each category; (5) the queries whose assigned number corresponded to the number generated by the random number generator were selected. The specific queries that were selected are listed in Table 5 . 
Total 14
It is important to note that since the queries were randomly selected from a pool of CRM-related queries, it is possible that the r success ratio can be less than one for our proposed model. It is also important to note that the "representative" CRM queries were queries that equally applied to different industries and not queries that were specific to only one industry. This aspect of the sampling procedure was important in order to make generalizations about the characteristics of the data warehouse schema that should be present in order to perform CRM analyses across different industries.
RESULTS
Our preliminary finding is that the proposed CRM data warehouse model can be used to successfully perform CRM analyses. Based upon the sample queries, our model had a value of 1 and 0.93 for the r success and r suitability ratios, respectively. The individual scores for successfully executing the queries against the model are listed in Table 5 . The individual and cumulative scores for the suitability of the proposed CRM data warehouse model are listed in Table 6 . It should be noted that there is no significance to the order in which the items are listed in the table.
The scores for items 6.1 -6.11 in Table 6 were based upon whether or not queries were successfully executed in those categories. The scores for items 14 and 15 were determined while loading data from multiple sources and updating customer scores.
DISCUSSION 6.1 General Discussion
It was determined that the starter model depicted in Figure 1 could be used for a variety of CRM analyses, including customer profitability analysis, household profitability analysis, demographics profitability analysis, product profitability analysis, channel profitability analysis and promotion profitability analysis by simply including the appropriate dimensions in the query statement. Furthermore, each query could be modified to include additional measures and descriptions by simply including additional fields from the fact table and the dimensions. Some of those queries are discussed below.
The following SQL statement was used to identify the most profitable customers based upon total revenue and gross margin. By excluding the time dimension, the customer profitability SQL statement identified the customer's historical lifetime value to the company. This is an important analysis that, in conjunction with the customer's future value and the customer service interaction costs, can be used to classify customers in one of the four CRM quadrants (see Table 1 ), which can be subsequently used to determine the appropriate strategy for managing the customer. The SQL statement in Figure 3 could be used to determine the margins for each product, and subsequently used to identify products that potentially may be eliminated from the company's product line.
The ability to be able to determine the lifetime value of each product (irrespective of market) by merely modifying the SQL statement in Figure 3 to exclude the product code further illustrates the flexibility and robustness of the proposed CRM model. In terms of items 5.11 -5.13 in Table 5 , not only could the return analyses be used to monitor the impact of corrective actions, but they could also be used to identify improvement targets, which could be tied to employee (and or departmental) performance goals. Additionally, item 5.13 from Table 5 could be used to identify whether or not a problem is systematic across all customers, many customers or a few specific customers. This query could also be used to help management make an informed decision with respect to allocating resources to address problems that lead to customers returning products. Moreover, the results could be used by the sales team to gain further insight into why their customers have returned products. The sales team could potentially use that information to work with the customer to resolve the issue(s) in cases where the customer has repeatedly returned products for reasons that cannot be considered the company's mistake. Alternatively, the sales team could use the results to identify accounts that could (should) be charged additional fees if the customer repeatedly returns products. Table 7 summarizes some of the possible uses for the CRM analyses that were presented in Table 5 . The organizational hierarchical structure can be contained in one Market dimension Provides the ability to maintain a history of the organizational changes, and the ability to perform analyses according to the organizational structure
Initial Heuristics for Designing CRM Data Warehouses
Once the types of CRM analyses that the data warehouse needs to be able to support has been identified, the data points identified and the granularity selected, the next step is designing the data warehouse model to support the analyses that were identified. Based upon our initial findings, Table 8 lists our initial heuristics for designing a data warehouse to successfully support CRM analyses.
CONCLUSIONS
In this paper, we first presented the design implications that CRM poses to data warehousing and then proposed a robust multidimensional starter model that supports CRM analyses. Based upon the sample queries, our model had a value of 1 and 0.93 for the r success and r suitability ratios, respectively. Our study showed that our starter model could be used to analyze various CRM analyses, including, but not limited to: profitability analyses such as customer profitability analysis, market profitability analysis, product profitability analysis, and channel profitability analysis. In fact, the model has the flexibility to analyze both trends and overall lifetime value of customers, markets, channels and products by simply including or excluding the time dimension in the SQL statements. Since the model captures "rich" descriptive non-numeric information that can be included in the query statement, the proposed model can return results that are easily understood by the user. It should be noted that such "rich" information could then be used in data mining algorithms for such things as category labels. As such, we have demonstrated that the robust proposed model can be used to perform CRM analyses.
Our contributions also included the identification of and classification of CRM queries and their uses, including KPIs; the introduction of a sampling technique to select the queries with which the model was tested; the introduction of two measures (% success ratio and CRM suitability ratio) by which CRM data warehouse models can be evaluated; and the identification of the initial heuristics for designing a data warehouse to support CRM.
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